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ABSTRACT
CHANGES IN AIR-QUALITY IN MILWAUKEE, WI
DUE TO THE COVID-19 LOCKDOWN

Nathan K. Hay, B.S.
Marquette University, 2021
Shortly after COVID-19 started spreading across the country, Wisconsin
instituted their shutdown on March 23rd, 2020. With large swaths of the population
forced to stay at home, this presented a unique case study to evaluate the effects of
reduced traffic volumes on vehicle related emissions. To do so, this study measured air
quality on a 40-mile route within Milwaukee County on Wednesdays and Saturdays from
4 to 6 PM from the beginning of April until the end of August. Mobile sensors – a
Sniffer 4D and micro aethalometer – were attached to a car and collected particulate
matter (1.0-10 μm), ammonia (NH3), hydrogen sulfide (H2S), oxidants (O3+NO2), and
black and brown carbon. Traffic data were collected using the Streetlight database.
Monotonic and abrupt changes in air quality were tested using the Mann-Kendall
and Pettitt tests, respectively. Results indicated that 7 out of 8 streets had increasing
monotonic trends from the beginning through the end of the lockdown for all particulate
matter (1.0, 2.5, & 10) and NH3. In addition, Pettitt tests identified abrupt changes around
June 13th, shortly after Milwaukee County reopened on June 11th. Traffic had a similar
increasing monotonic trend for the 8 roads with abrupt changes around the middle of May
when the statewide order was lifted. Linear regression was used to analyze the
relationship between the air pollutants and traffic volume, and it found that traffic
explained 1-48% of the variance in particulate matter, 1-46% of the variance in ammonia,
and 6-70% of the variance for oxidants. These results indicate that traffic contributes to
some, but not all, of the PM (1.0-10), NH3, and O3+NO2 measured in this case study.
This study provides data from a unique experiment that demonstrates the direct
impact that traffic has on air quality. These results highlight the value of information of
traffic emissions at relevant spatial and temporal scales that cannot be captured with
typical ground-based sensor systems. This information is also useful for city and traffic
planners who are concerned with addressing urban air pollution from traffic sources.
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1. Introduction
1.1 Motivation for Work
When the COVID-19 virus was identified and began to spread, cities like New
York shut down many public activities that promoted large gatherings and only allowed
for essential industries to remain active such as food and agriculture, power and energy,
and medical institutions (https://www.who.int/emergencies/diseases/novel-coronavirus2019/events-as-they-happen; last access: 8 March 8, 2021). A few months later cities
around the United States began to implement lockdown measures that would last for
months. During these mandates, traffic volumes decreased in urban areas around the
globe. For example, in South Korea traffic went down by 9.7% and here in the United
States traffic was reduced to 40-65%, depending on the state (Du et al., 2021; Hudda et
al., 2020; Lee et al., 2020; Xiang et al., 2020).
In Wisconsin, Governor Tony Evers instituted a lockdown on March 23rd a week
after the national government declared COVID-19 a national pandemic. During the
height of the lockdown in Milwaukee, only essential workers were able to leave their
homes, including industries such as energy, utilities, medical, food, and agriculture
(CDC, 2020). With limited amount of people commuting to work and no one able to go
out and do leisure activities, this reduction in traffic may have led to a reduction in air
pollution. Vehicles release pollutants, particulate matter (e.g., PM 1.0, 2.5, & 10),
ammonia (NH3), and oxidants (O3+NO2), which can be detrimental to people with lung
related health problems. (Boldo et al., 2011). Therefore, a shutdown in traffic can have a
direct influence on air quality (Hudda et al., 2020; Xiang et al., 2020).
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The reduced traffic instituted to combat COVID-19 provides a unique backdrop to
explore the relationship between air pollution and traffic volumes. Understanding where
and how much pollutants like PM, NH3, and oxidants are affected by vehicles can inform
better management policy of air pollution and provide a deeper knowledge of where
potential health hazards from air pollution might occur. Furthermore, to prevent illnesses
from air pollution, it is important to understand the spatial and temporal relationships
between traffic, vehicle emissions and air pollutants, in order to provide a detailed image
of how traffic and air pollutants are connected. Several studies in cities in the United
States have evaluated the impact of COVID lockdowns on air quality using remote
sensing and ground base sensors (Chauhan & Singh, 2020; Jia et al., 2020); however,
these studies are spatially and temporally constrained by their measurement methods, and
do not evaluate the relationship between changes in air quality and changes in traffic.
1.2. Study objectives
The overall goal of this study is to monitor air quality in Milwaukee, WI using
mobile-based sensors to understand how the COVID-19 lockdown measures impacted air
pollution. It is hypothesized that the lockdown measures in Milwaukee, WI would lead to
a reduction traffic and therefore a decline in vehicle-based air pollution. The objectives
to meet the goal of this thesis are (1) measure air quality pollutants on Milwaukee roads
using a mobile-based sensor that collects PM 1.0, 2.5, & 10, NH3, H2S; (2) evaluate
changes in traffic on Milwaukee roads using traffic counts derived from smartphone data;
and (3) explore the relationship between air quality changes and traffic data. By doing so,
this work contributes specifically to our understanding of how COVID lockdowns and
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traffic changes influenced air quality, and more broadly the relationship between human
activities and air pollutants.

2. Literature Review
2.1 Introduction
The shutdowns due to COVID-19 led to humans being shut in their homes for
many weeks. These lockdowns in turn had an effect on the impact of human activity on
pollution from water to the air (Cheval et al., 2020; Rupani et al., 2020). In Milwaukee,
the lockdown presented unique opportunity to study what effect it had on air quality due
to reductions in traffic. Since the start of COVID, there have been several studies that
have investigated the changes in air quality from the beginning of January 2020 until the
end of the year. Most of these studies have used stationary and satellite sensors to
characterize air pollutants in cities around the world (Ghahremanloo et al., 2021; Sarfraz
et al., 2020; Verma & Prakash, 2020). These studies have shed light on the impact of
COVID-19 lockdowns on air quality in cities and countries all over the world; however,
the methods used are mostly confined to the remote and stationary sensing method. These
methods have several limitations: satellite remote sensing lacks detailed spatial resolution
to capture variability within urban environments and ground base sensors cannot capture
the spatial distribution of pollutants due to limited sensor locations. The purpose of the
literature review is to contextualize both the current literature and how this project fits
within the narrative of air pollution and the pandemic induced lockdowns. Specifically,
this literature review focuses on the general impact of traffic on air quality, methods used
to measure urban air quality, current research on the impact of COVID-19 on air quality,
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and the need for research to explore the relationships between air quality and human
activities.
2.2 Impact of Traffic on Air Quality
In this study, the following parameters were chosen to understand how the
lockdown measures in Milwaukee affected air pollution: particulate matter (PM 1.0, 2.5,
& 10), ammonia (NH3), hydrogen sulfide (H2S), and nitrogen oxide (NOx). The
following sections review these pollutants and their possible sources within urban areas.
2.2.1 Particulate Matter, Black Carbon and Brown Carbon
Particulate Matter is defined by its diameter in micrometers, and the size in which
it is measured often varies between 1.0 and 10 micrometers. These fine particles have a
negative effect on human cardiovascular and pulmonary health (Fiordelisi et al., 2017;
Yeatts et al., 2007). While the decrease in pollution can be attributed to human activity
it is not always clear how much of it comes from traffic. According to the EPA less than
10% of PM 2.5 and PM 10 emissions come from cars (USEPA, 2018). while others have
found that traffic contributes between 15-40% of PM 2.5 concentrations in urban areas
(Querol et al., 2004).
It has been documented that particulate matter pose significant health risks
(Health Organization, 2016; Lepeule et al., 2012). An analysis by Laden et al. (2000)
found that combustion sources that produce PM 2.5 increased mortality by 3.4% and
ultimately accounted for 5.2% of deaths over six U.S. cities. This study suggests that
particles between 2.5 and 10 µm were not associated with mortality and that the coarse
distribution must be lower than the 2.5 µm (Laden et al., 2000).
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Black and Brown carbon, also known as “soot”, are carbon based byproducts
from combustion processes (Andreae & Gelencsér, 2006). Black carbon comes from
various activities but the main ones include cooking with biofuels (wood), combustion
engines, and burning of trees (Ramanathan & Carmichael, 2008). Brown carbon can
come from coal usage and combustion processes (tobacco smoke) this type of carbon
differentiates from black carbon due to its brown or yellow color (Andreae & Gelencsér,
2006).
2.2.2 Ammonia, Hydrogen Sulfide, NOx, and Ozone
One of the more pungent pollutants, Ammonia is found in industrial activities like
chemical fertilizer, refrigerants, explosives, and polymers (Diana et al., 2018). Another
source for ammonia emissions include diesel and other fuel based vehicles, one study
found that about 10% of the dirtiest diesel vehicles emitted 41% of ammonia (Q. Zhang
et al., 2021). In terms of health effects NH3 is known to cause irritations to the skin,
eyes, and lungs (Diana et al., 2018).
Hydrogen Sulfide is an odorless gas that smells like rotten eggs (Kashfi, 2018). It
is emitted from industries like textile, oil and gas, wastewater treatment, and manure pits
from cow and pig farms (CDC, 2019). Depending on the duration and concentration
level, health effects from hydrogen sulfide include apnea, coma dizziness, headache,
weakness irritability, insomnia, and upset stomach (CDC, 2019).
Nitrogen oxides, along with particulate matter, are emitted from internal
combustion engines (Baldauf et al., 2009). This pollutant is an irritant for the eyes,
noses, and throat and is the primary cause for provoking respiratory illnesses like asthma
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and at long term exposure can lead to chronic lung diseases and loss of smell
(Manisalidis et al., 2020).
Ozone, O3, is a pollutant that comes from the chemical interaction between
nitrogen oxides and volatile organic compounds (VOCs), which are emitted from human
and natural sources (Manisalidis et al., 2020). This pollutant can travel long distances,
deeply infiltrate the lungs, and is attributed to the increase of daily number of respiratory
deaths 1.13% (Manisalidis et al., 2020). Nitrogen oxides (NO2) and Ozone were chosen
as part of the parameters for modeling due to their relation to car emissions and were
combined as one parameter due to the sensor on the Sniffer 4D.
2.3 General Methods to Measure Air Quality
Monitoring methods for air quality are generally broken down into three different
methods: stationary monitoring, mobile monitoring, and remote sensing. The technology
for air quality monitoring has grown significantly over the last 60 years. Stationary
monitoring can deploy multiple sensors in a spot of interest and measures concentrations
over time. Government agencies use this type of sensor to enforce air quality standards.
Mobile air quality monitors air pollutants but it does so over space and time, mobile
sensors are fitted with GPS devices in them to tie pollutant concentration data to a
specific spot. This allows for more detailed characterization of how air pollutants travel
but they are confined to where the sensor is positioned. Rural or remote areas can also be
affected by this type of monitoring as not many sensors are based in these areas which
leads to environmental equity (Apte et al., 2011; Boogaard et al., 2011; Lee et al., 2020;
Snyder et al., 2013). The following sections describe each type of monitoring in more
detail with several example applications.
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2.3.1 Stationary Monitoring
Stationary monitoring deploys ground based sensors at numerous sites that are
meant to capture long-term air pollutant data that can be used to identify spatial and
temporal changes (Morawska et al., 2018). In some studies, stationary monitors are
connected via Bluetooth or hardwired to a government database. For example, in China
many studies use the China National Environmental Monitoring Center or the MEE,
which is a network of more than 30,000 air pollution sensors (Morawska et al., 2018).
The United States has a similar network through the Environmental Protection Agency
(EPA) called the Air Quality System (AQS). These networks can provide in-depth
assessment of the spatiotemporal aspect of air pollution from air pollutant data that is
readily available (Morawska et al., 2018). However, there can be limitations to these data
including problems from improper calibration of sensors, which can affect up to 8% of
the sensors in a network (Rohde and Muller, 2015). In addition, these sensors are
deployed at fixed points, making spatial analysis and interpolation between sensors a
challenge due to large areas with data gaps.
2.3.2 Mobile Air Quality Monitoring
To overcome this spatial limitation, mobile air quality monitors can be attached to
bicycles, cars, and unmanned aerial vehicles (UAVs) (Morawska et al., 2018). An
example is a study that looks at a project in Ji’nan, China that attached PM sensors to a
hundred cabs which then covered over 23,000 km, which was 95% of the roads in the city
(Novafitness, 2017). Higher spatial resolution can be insightful for identifying problem
areas in the city and implementing an air pollution control strategy. Other benefits of
mobile sensors is that they can capture real time data that can be monitored through a
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laptop or smart phone and these sensors can be attached to workers to warn them if a
pollutant concentrations like carbon monoxide, an odorless gas, are too high (Cao &
Thompson, 2016; Jerrett et al., 2017; Piedrahita et al., 2014; Steinle et al., 2015; Wong et
al., 2014; Zhuang et al., 2015). Hyperscale spatial resolution from mobile monitoring
devices can lead to nuanced mitigation strategies in an urban setting that are more
beneficial than just a broad scale plan (Wang et al., 2020; Yeatts et al., 2007).
Mobile sensors do have setbacks due to hardware related issues. Battery power
can limit the amount of time that the sensor can capture air pollutants (Morawska et al.,
2018). However, the spatial resolution that mobile sensors offer can provide a more
accurate characterization of where and how pollutants move around an urban
environment, which can lead to more informed strategic air pollution policies to protect
people.
2.3.3 Remote Sensing of Air Quality
Since the 1980s, satellites have been used to gather remote sensing data to
understand the environment (Xue et al., 2008). Zambrano-Monserrate et al. (2020)
accessed data from the European Union deployed satellite Copernicus Atmosphere
Monitoring Service (CAMS) that obtained estimates of NO2 pollution of Northern China
before the lockdown and images in February during the lockdown. The estimates from
CAMS show a stark drop in NO2 pollution due to lockdown measures, with CAMS
estimating a 20-30% drop in PM 2.5 (Zambrano-Monserrate et al., 2020).
Remote sensing has allowed for a larger global spatial scale of air pollutant
characterization (Veefkind et al., 2007). Within the last two decades, instrumentation to
capture air pollutants in the lower troposphere-the lowest layer of Earth’s atmosphere-has
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improved significantly (Veefkind et al., 2007). These kind of remote sensing data on a
larger scale provides a broad insight and can be used to compliment ground sensor data.
The global perspective allows for regional comparisons that are not possible with other
types of data collection.
This global perspective is an important aspect of remote sensing, however, there
are limitations. There can be cloud or atmospheric impacts that affect the accuracy of the
remote sensing data. In addition, due to its large global scale, the spatial resolution is
coarse and does not capture pollutants with the same accuracy as a ground base sensor.
For example, in remote areas, far from emission sources, sensors from the satellites
cannot capture pollutants in smaller concentrations (King et al., 1999).
2.4 Findings from other COVID air quality studies
When huge swaths of the population were sanctioned to stay-at-home orders this
provided a unique environment to study traffic related air pollution. Based on the current
literature, there have been several published papers that have looked at this relationship
through different lenses. Understanding this relationship is important to crafting policies
and guidelines that can minimize air pollution. These studies also help with evaluating
how much of an impact urban traffic has on air pollution. The following sections outline
different changes that occurred during the COVID lockdown including changes in traffic,
changes in air quality, the relationship between air quality and traffic, and other healthrelated impacts of air quality changes.
2.4.1 COVID changed traffic
During the COVID-19 crises, governments around the world implemented stay at
home orders and lockdowns that had a significant impact on traffic. For example, during
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the lockdown in South Korea, traffic was found to decrease by 9.7% compared to 2019
(Lee et al. 2020). During the first weeks in January when the government raised the
infectious disease alert to orange, traffic levels dropped to 6.7 % by February of the first
week. Later, when the alert was raised to red, it dropped to 23.3%. From the end of
February to the end of March the reduction percent ranged from 26.1 to 13.7 % (Lee et
al., 2020). In the United States, it was found that traffic reduction varied between sates
from 40% to 65% (Du et al., 2021). In Wisconsin, Governor Tony Evers issued the Safer
at Home measures, on March 25th, 2020 to combat the COVID-19 pandemic, which
decreased traffic statewide by about 40% on highways (Changing Traffic Patterns
During COVID-19, 2020). These examples illustrate how the shutdowns influenced
traffic patterns around the world. This unprecedented reduction in traffic levels leads to
questions as to what impact it might have on air quality.
2.4.1 Changes in air quality during COVID
There have been several studies demonstrating how the lockdown affected air
pollution. Most of the literature used remote sensing techniques to understand this
relationship. For example, decreases in pollution were observed by satellite remote
sensing data over large areas in places like India, China, and Europe (Manne, 2020;
Metya et al., 2020; SanJuan-Reyes et al., 2021; Zambrano-Monserrate et al., 2020).
However, there are several others that have used ground and mobile based sensors to
evaluate the change in air pollution in urban areas during the COVID lockdown. The
following paragraphs detail studies that used different techniques – including remote
sensing, ground-based sensors, and mobile sensors – to evaluate the change in air quality
during COVID lockdowns.
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During the pandemic, changes in air pollution related to PM 2.5 saw a decline
from January to March of 2020 in major cities from New York, Los Angeles, Zaragoza,
Rome, Dubai, Delhi, Mumbai, Beijing, and Shanghai (Chauhan & Singh, 2020). In
China, the robustness of the local economy was found to have an impact on the level to
which air quality (PM 2.5 and PM 10) improved during the lockdown (Z. Chen et al.,
2021). For example, regions with rapid economic development, like Shenzhen, saw no
significant reduction in air pollution when the restrictions were imposed; however, cities
such as Shanwei and Shantou, with slow economic growth, saw a decrease in air
pollution from the lockdown (Z. Chen et al., 2021). This finding suggested that COVIDrelated stay at home restrictions had variable effects on air pollution, depending upon the
economic development of the city and region.
Another study found a 24.67 % reduction in PM 2.5, from the previous year,
averaged across the 44 northern cities in China (Bao & Zhang, 2020). Their study
suggested that human-related activity had a great effect on air quality but that the broad
human mobility reduction reduced the PM 2.5 concentrations and other pollutants –
PM10, NO2, and SO2. They concluded that broad restriction methods are not the most
effective way to reduce air pollution, but a more proactive approach of greening
production, consumption, and transportation are better methods than sweeping restrictive
mandates.
Ghahremanloo et al. (2020) used satellite data from the Sentinel-5p and
Himawari-8 to observe NO2, Formaldehyde (HCHO), SO2, and CO over East Asia.
Based on their data each pollutant saw varying results NO2 and SO2 saw decreases by
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83% and 71% in Wuhan, but in Seoul and Tokyo SO2 increased (Ghahremanloo et al.,
2021).
Another readily used method to examine the relationship between lockdown and
air quality is ground based sensors. For example, a study in England utilized ground base
sensors data to evaluate air quality changes during the lockdown (Ropkins & Tate, 2021).
This study pulled data from 300 sensors within the Defra AURN database in the UK that
classified their data as ‘Urban Traffic’, ‘Urban Background’, and ‘Rural Background’.
These sensors were all setup to monitor different pollutants by location, since their study
primarily focused on NO, NO2, NOx, and O3, therefore the study used data from 153
sensors(Ropkins & Tate, 2021). Data from AURN was analyzed in two sets, the first
looked at data from January 1st, 2015, to December 2019, and the second set started on
January 1st, 2020, to June 30th, 2020 across the United Kingdom. The data was analyzed
using a quantBreakPoint and quantBreakSegments function packages in R using
strucchange to test for structural change in a linear regression model (Ropkins & Tate,
2021; Zeileis et al., 2002, 2003). From that analysis they found that NO, NO2, and NOx
all decreased by 50%, 32% and 38%, they also discovered that O3 or ozone increased by
14% to 17% based on locations and for PM 10 and 2.5 they were not able to conclude
any trends during lockdown (Ropkins & Tate, 2021).
While the studies above demonstrate a reduction in air quality, not all studies
found improvements in air quality. In Memphis, TN, it was found that there was no
significant change in PM 2.4 NO2 or Ozone during COVID lockdowns (Jia et al., 2020).
This study used the EPA Air Quality System (AQS) to study lockdown measures on the
air quality in Memphis, Tennessee. Based on their collected data on PM 2.5, NO2 and
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Ozone, they found no correlation, suggesting that the lockdown did not affect the air
pollution levels in Memphis (Jia et al., 2020).
2.4.3 Relationship between traffic and air quality during COVID
Given the changes in air quality, there have been several studies that have looked
at the relationship that traffic to air quality during COVID lockdowns. For example, air
pollutants including PM2.5, black carbon, NO, NO2, NOx, and CO, were all found to
decrease during the COVID lockdown in Seattle, WA (Xiang et al. 2020). This study
used ground sensors throughout the Washington Air Quality Advisory system to air
quality. This study also factored in meteorological events – rainfall, wind speed, etc. – in
their short-term study. In this study they found significant reduction in all the pollutants.
Data for the traffic volume was collected through the Washington State Department of
Transportation (WSDOT) from February 17th to May 21, 2020 and they found a
reduction in traffic from 37% to 52% depending on the road (Xiang et al., 2020). This
drop in traffic volume saw a decrease in PM 2.5 of 25% and 33%, a drop in NO, NO2,
NOx and CO of 33%, 29%, and 17% (Xiang et al., 2020). Seattle, they cited, has a lot of
urban traffic that leads to significant air pollution but what percentage from vehicles
accounted for PM 2.5 (Friedman, 2020; Larson et al., 2004; Maykut et al., 2003; C. fu
Wu et al., 2007; Xiang et al., 2020)? One study they cited, conducted between 2015-17,
found that gasoline exhaust emissions of PM 2.5 made up 21% and 26% at one
intersection and f3% and 29% at another section a in Seattle, Washington (Friedman,
2020).
One study used low-cost sensors attached to taxis to monitor CO, NO2, and O3
from October 2019 to September 2020 in the city of Nanjing and found that traffic related
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emissions decreased by 50% during the lockdown (Wang et al., 2020). Their goal was to
characterize the changes on a hyperlocal scale (tens of meters) level to characterize which
roads have the highest pollutant concentrations. Utilizing the ANOVA method to look
for spatial differences in pollutant concentrations, they discovered that highways had the
highest concentration followed by arterial, secondary, branch, and residential roads
(Wang et al., 2020).
Hudda et al. (2020) studied traffic-related air pollution in Somerville,
Massachusetts from 2018 to 2020, which covered the lockdown period from March 24,
2020 to the end of their monitoring campaign on May 14, 2020. This study incorporated
two mobile-monitoring devices that monitored particle number concentration (PNC) and
an aethalometer to measure black and brown carbon. These devices had inlet tubes to
capture air pollutants and were attached to a car that covered three major highways that
see over 230,000 vehicles per day (Hudda et al., 2020). They also used ground sensors
stationed at regulatory sites throughout the city to validate their mobile data. They then
used traffic volume data from MassDOT to validate whether the lockdown curtailed the
traffic, in their study they noted that the data from MassDot only counted interstate
highways and not local streets. Their results showed that reductions were made in
ultrafine particle concentration (60-68%) and black carbon (22-46%) depending on the
road class (Hudda et al., 2020).
2.4.4 Other impacts of changes in air quality during COVID on human health
Not only did COVID have an impact on air quality, but air quality was found to
have an impact on public health. Based on data from the World Health Organization
(WHO), 90 percent of people inhale air that exceeds the permissible pollutant level
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established by the organization. The WHO have estimated that seven million people die
a year (WHO, 2021). Not surprisingly, exposure to air pollutants has been shown to
influence those who have contracted COVID-19. One study based on California used
EPA ground sensor-based air quality data to analyzed PM 10, PM 2.5, sulfur dioxide
(SO2), volatile organic compounds (VOC), carbon monoxide (CO), nitrogen dioxide
(NO2), and lead (Pb) (Bashir et al., 2020). They compared this data with COVID-19
related public health data from the California Department of Public Health (CDPH) using
the Kendall and Spearman Correlation Coefficients to determine any correlation between
air pollution and COVID-19 infections and deaths. They concluded that the tests
detected a relationship between air pollution, particularly PM 10 and 2.5, and COVID-19
infections and deaths. In Northern Italy, researchers discovered that prolonged expose to
PM10 and PM 2.5 were responsible for the spread of COVID-19 (Fattorini & Regoli,
2020). Another study found that higher PM 10 and PM 2.5 concentrations in certain
areas in China showed a stronger relationship to COVID-19 related deaths (Yao et al.,
2020). Furthermore, a study in China found that an increase 1 ug/m3 concentration of
PM 2.5 correlated to an increase of 15% in COVID-19 related deaths (X. Wu et al.,
2020).
2.5 Need for research
When huge swaths of the population were sanctioned to stay-at-home orders, this
provided a limited human environment to study traffic related air pollution. Based on the
current literature, there have been several published papers that have looked at this
relationship through different lenses. Understanding this relationship is important to
crafting policies and guidelines that can minimize air pollution.
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In general, studies have shown that COVID lockdowns reduced air quality
pollutants across the country; however, this was not the case in every study. In addition,
many studies are limited by data collection methods. Remote sensing has the ability to
estimate pollutants across a wide area, but it is limited by coarse spatial resolution and
interference from atmospheric effects. Other studies use ground-based sensors, but these
are limited to single points and cannot capture the spatial distribution of pollutants. To
overcome these limitations, sensors can be mounted to vehicles, such as in (Hudda et al.,
2020). However, this study was limited in only evaluating only a few parameters – PNC
and black and brown carbon. In addition, no studies have evaluated post-industrial cities
in the Midwest or those situated along the Great Lakes that may have different traffic and
industrial activities that influence urban air quality. Capturing the relationship between
traffic and urban air quality through a targeted case study during a COVID lockdown
could improve our understanding of the impact of traffic on air pollution in urban
environments, ultimately leading to informed city planning and policy.
The purpose of this thesis research is to monitor air quality in Milwaukee, WI
using mobile-based sensors to understand how the COVID-19 lockdown measures impact
vehicle related air pollution. To do so, this study (i) measured air quality pollutants on
Milwaukee roads using a mobile based sensor that collects PM 1.0, 2.5, & 10, NH3, and
H2S; (ii) evaluated changes in traffic on Milwaukee roads using traffic counts derived
from smartphone data; and (iii) explored the relationship between air quality changes and
traffic volume. In doing so, this work contributes specifically to our understanding of
how COVID lockdowns and traffic changes influenced air quality, and more broadly the
relationship between human activities and air pollutants.
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3. Methodology
3.1 Characteristics of Study Area and COVID restrictions
The geographic area for this study fell within Milwaukee County, the most
populated city in Wisconsin. A route was selected based upon criteria that included a
spatial distribution across the city, a range in road types (highway, arterial, and local),
and the ability to complete the route within a 2-hour drive. The final route chosen
encompassed different areas of the city including downtown, several suburbs, and the
lake shore, as well as a variety of road types (Figure 1). It took between one and half to
two hours to complete this route depending upon traffic. The route also covered areas
around the Jones Island waste water treatment plant to capture potential hydrogen sulfide
and ammonia emissions (Y. X. Chen et al., 2005; Morero et al., 2017). In total, the route
covered over 74 kilometers of road. In order to evaluate the air quality on each road, 10
different road segments were chosen that could be analyzed individually. These road
segments chosen covered 75% of the total route and included: Capitol (3.9 km) Lincoln
(7.6 km) Oklahoma (12.5 km) I-43 (5.9 km) I-94 (8.9 km) I-41 (4.4 km) I-794 (5.2 km)
State Highway 32 (6.5 km). Using these road segments, the air quality data was
summarized and evaluated as outlined in Section 2.3.
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Figure 1. Air quality data collection route near Milwaukee, WI.

3.2 Field Methods
To measure air quality on roads in Milwaukee, we conducted 23 road surveys
between April and August. Stay at home orders were issues March 24th in the State of
Wisconsin and were lifted in Milwaukee County on May 14th. Therefore, the study does
not capture conditions prior to the shutdown, but does effectively cover the stay-at-home
period and months after the lifting of restrictions. Air quality was measured with a Sniffer
4D – a portable multiparameter pollution mapping system – that was mounted to the roof
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of a vehicle (Figure 2). This sensor is fitted with six air quality sensors, and a pressure,
humidity, and temperature sensor. The Sniffer 4D measured PM 1.0, PM 2.0, PM 2.5,
H2S, NH3, and O3+NO2, which were measured every second, and spatially referenced
using an internal GPS unit. For the particulate matter (PM 1.0-2.5), there are three sensors
mounted inside the unit and use light scattering method to detect each size of particulate
matter. To detect HsS, NH3 and O3+NO2, electrochemistry sensor modules were used for
each pollutant (Sniffer 4D Air Pollution & Mapping System Instruction Manual 2019).
Using the established route and Sniffer 4D sensor, we then determined days and
times to collect data. Air pollution due to vehicles in metro areas occurs largely a
function of when commuters enter into and leave the city for work (Amin et al., 2017;
Batterman et al., 2015). On weekday mornings between 6-8 am, traffic is largely
entering into the city when people are going to work, while in the afternoon between 46pm, traffic is largely leaving the city center. However, there may be different traffic
patterns on the weekends depending upon subsistence, maintenance, and leisure
(Agarwal, 2004) To capture both weekday and weekend trends, as well as peak traffic
conditions (Amin et al., 2017; Batterman et al., 2015), we collected data on Wednesdays
and Saturdays between approximately 4pm and 6pm.

Figure 2. Pictures of the Sniffer 4D sensor
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3.3 Data Processing and Summary Statistics
After each route was completed, data from the Sniffer 4D was downloaded from
the sensor and processed using Sniffer 4D Mapper software. This software was used to
visualize the magnitude and spatial distribution of the air quality data, as well as format
and export the data into text or Microsoft Excel Files. Next this data was imported into
ESRI’s ArcMap for further spatial analysis. Using ArcMap, the data was transformed
from text files into point shapefiles using the latitude and longitude associated with each
data point. The data was then categorized and classified into road segments using their
spatial location and the name classifications obtained from road data shapefiles from
Milwaukee County. The air pollutant data was then summarized for each individual road
(i.e., mean, median, standard deviation). Using these summary statistics, the data across
all days was analyzed for temporal trends to identify the effect of the lockdown order and
subsequent re-opening on air quality within Milwaukee as outlined in the following
section.
3.4 Temporal Trends
After the data was processed and spatially referenced, we performed trend
analysis on the data to determine if there was any effect on the average air quality over
time. Because the data contained over 60 roads, we restricted our analysis to eight
highway and arterial roads representing 75% of our route: 794, Capitol, Lincoln,
Oklahoma, I-41, I-43, I-94, and US Highway 32. To determine if there were trends in the
data over time, we performed two statistical analysis tests on the median air quality
parameters for each road. To evaluate if there were any gradual trends over time, we
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performed a Mann-Kendall test, which tests for the occurrence of a monotonic trend in
the data (Helsel & Hirsch, 2002). The Mann-Kendall Test is a non-parametric test used
for trend analysis. Since our data was independent and had outliers, this was a more
suitable test compared to a parametric test that requires data to be independent and
normally distributed (Hamed & Ramachandra Rao, 1998; Kendall, 1957; Mann, 1945).
The test analyzes the rank order of observed values and the order in time is considered to
determine whether or not the null hypothesis should be accepted or rejected: if the null
hypothesis is accepted than there is no trend or correlation (Hamed & Ramachandra Rao,
1998; Kendall, 1957; Mann, 1945).
To see if the lifting of the lockdown would lead to any sudden shifts in traffic
volume and air pollutant concentrations, the Pettitt test was used. The Pettitt-test is a
non-parametric test that looks for abrupt singular changes in a data set (Mallakpour &
Villarini, 2016; Pettitt, 1979). The test, itself, is based on the Mann-Whitney two sample
test, which is rank based. This test detects a single shift in a time series and identifies an
unknown time (Mallakpour & Villarini, 2016; Pettitt, 1979). For all tests, the
significance level was set to 5%. By using both methods, we can detect for both gradual
trends in the data, such as people gradually coming back to work after the lifting of a
shutdown, and abrupt trends in the data, such as people suddenly coming back to work
after the lifting of a shutdown.
3.5 Traffic Data
A central hypothesis to this research is that the decrease in traffic due to COVID
shutdowns had an impact on air quality on Milwaukee Roads. To determine if there was a
decrease in traffic, we obtained traffic data for each road using StreetLight, which uses
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data from cellular and navigation devices to determine levels of traffic on each road
(StreetLight, 2021). Using this data source, we were able to determine both the total
number of trips per day on each road, as well as the average number of trips during the
sampling time period (4-6 PM).
To evaluate the influence that traffic had on air quality, we performed simple
linear regression to predict the average concentration on pollutants on each road based
upon the number of total trips on the road. This is shown in the following equation:
𝑦 = 𝛽0 + 𝛽1 𝑥1
where y is the independent variable (i.e., average air quality concentrations), 𝛽 represents
the regression coefficients, and 𝑥 represents the dependent variables (i.e., volume of
traffic). These models were evaluated using R2 to determine goodness of fit.

4. Results and Discussion
4.1 Summary Statistics
The route was surveyed on 23 days from April to August 2020 and several spatial
trends in air quality were identified, as well as differences depending upon the road type:
highway and arterial. From the survey, it appeared that H2S was on average higher near
the eastern side of the city along the Lake Michigan shoreline. This is illustrated in Figure
3, which shows an example of H2S on June 13, 2020. From this figure it is evident that
the concentration of H2S is higher on the eastern side of the city (> 250 µg/m3) than on
the western edge of the city (< 100 µg/m3). The high levels of H2S along the lake may be
due to the wastewater treatment on Jones Island or other lakeside industrial sources.
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Spatially, PM 2.5 shows the highest concentration around 43.04°N and -87.92°W
(Figure 4), which is near the highway interchange between I-94, I-794 and I-43. This
interchange is a high-traffic area, as it is the nexus point for highways near the downtown
area, which could explain why the PM 2.5 concentrations are higher in that area.

(a)

(b)

Figure 3. Example of the spatial distribution of H2S (a) and the H2S vs. longitude for individual
days (b).

(a)

(b)

Figure 4. Example of the spatial distribution of PM 2.5 (a) and the PM 2.5 vs. longitude for
individual days (b).
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Another analysis was performed to evaluate the change in pollutant
concentrations based upon road type: highway or arterial. As illustrated in Figure 5, the
median values appear higher on arterial roads for pollutants H2S and NH3 but appear
higher on highways for pollutants O3+NO2 and PM 2.5. However, in each case these
differences were not statistically significant using a t-test and so the categorization of the
road did not appear to influence the pollutant levels.

(a)

(b)

(c)

(d)

Figure 5. Difference in pollutant concentrations based upon road type for (a) H2S, (b) O3 + NO2,
(c) NH3, and (d) PM 2.5.
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4.2 Temporal Trends in Air Quality
We evaluated the air quality data to determine if there were any temporal trends
within the data. Specifically, we hypothesized that the lifting of the lockdown measures
would increase air pollutants. To do so, we performed two tests: a Mann Kendall test to
evaluate monotonic trends and a Pettitt test to identify abrupt changes in the data. There
were statistically significant monotonic trends across all roads for PM 1.0, PM 2.5, PM
10, and NH3, as well as abrupt changes around June 13th, 2020, across all roads for PM
1.0, PM 2.5, and PM 10 and for seven of the eight roads for NH3.
4.2.1 Rainfall effect on the data.
The data displayed a noticeable increasing trend in air pollutant data across PM
and NH3 for the roads; however, there were several low outliers after the lockdowns that
significantly influenced the trend tests. Figure 6 illustrates box and whisker plots of the
air pollutant data collected on I-94 over each day. As illustrated, low outliers occur on
June 24th, July 16th, and August 11th for PM 2.5 and NH3. These days happen to
correspond to times shortly after rainfall, when storms can wash-out air pollutants (Gao et
al., 2019; Xu et al., 2017; Zhou et al., 2020). Therefore, to account for this, dates were
removed from the collection where over one inch of rain fell within the previous 24
hours. Further explanation of the effect of rainfall on the results can be found in
Appendix A2.
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(b)

(a)

Figure 6. of PM 2.5 from April to August on I-94 (highway section of the data collection route)
(a); and Distribution of NH3 from April to August on I-94 (b). The red circles indicate rainfall
days with more than 1” of total rainfall 24 hours before the collection day.

4.2.2 Monotonic trends
Exempting these rainfall days, 4 pollutants – PM 1.0, PM 2.5, PM 10, and NH3 –
displayed a statistically significant (p < 0.05) positive trend during the study period on all
the roads. Figure 7 illustrates the Kendall’s Tau value for pollutants on each road – this
value ranges between -1 and 1 with negative values indicating a decreasing monotonic
trend, and positive values indicating and increasing monotonic trend. As illustrated in
Figure 6, PM (1, 2.5 and 10) and NH3 have statistically significant increasing monotonic
increasing trends (indicated by the blue dots). Other parameters with apparent positive
trends over time, but that are not statistically significant at p < 0.05, included O3 + NO2,
black carbon and brown carbon. The exception to increasing trends were in H2S, which
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while not statistically significant at p < 0.05, did have a negative Kendall’s Tau value that
indicates a decreasing trend over time. This may be due to the fact that H2S is not emitted
in traffic emissions, and therefore less traffic and human activity may not contribute to
H2S emissions.

Figure 7. Kendall’s Tau and significance test for monotonic trends in air quality data.

4.2.3 Abrupt changes
Based on the Pettitt tests, an abrupt increase in pollution occurred for particulate
matter for all roads (Figure 8). In both tests for all the selected roads, every pollutant was
found to have positive trends in both the Mann-Kendall and Pettit Test (p<.05), except for
H2S, which exhibited statistically insignificant negative trends. Drastic positive changes
were identified around 6/13/20 and 6/17/20, with the Pettitt test, these identified dates
coincided with the Milwaukee County lifting of the lockdown measures on 06/11/20.
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Figure 8. Abrupt change points as identified using the Pettit test for air pollutants with rainfall
days removed the dots represent the date where an abrupt increased happened in pollutant
concentrations.

4.3 Trends in traffic during COVID shutdowns
Data collected from the StreetLight database indicated that traffic volume on each
street segment (i.e. Oklahoma, Lincoln, Capitol, etc.) increased from April to August
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during both the 4-6 PM and 24 hour periods. As an example, Figures 9-10 illustrate the
traffic changes on I-41 over the project period. For measurements that occurred on
weekdays, a gradual increase in traffic volume begins around April 22nd during the
Wisconsin lockdown measures and increases to a steady volume around the end of June.
The weekends showed a different story with a large traffic count around May 13th
for the 4-6 PM traffic count data, which we could not explain. Over the April to August
time period, no significant trends were identified on the weekends. There is a noticeable
dip around in traffic volume on July 4th, when many Wisconsinites may have been out of
town during the holiday.

Figure 9. Graph of the weekday and weekend 24-hour traffic count from April to August for I-41
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Figure 10. Graph of the weekday and weekend 4-6 PM traffic count from April to August for I-41

Figures 11 and 12 show the results of the Mann Kendall and Pettit tests run on the
roads using both a traffic count over a 24-hour and 4-6 PM period. Different traffic
volume patterns emerged between weekends and weekdays, so we broke them into two
separate analyses based upon the day of the week (Wednesday or Saturday). This
allowed for a more accurate understanding of the traffic volume over the six-month
period by comparing weekdays and weekends separately.
In total, the tests were broken up into four categories, as seen in Figures 11 and
12, (1) weekday 4-6 PM, (2) weekend 4-6 PM, (3) weekday 24 hour, and (4) weekend 24
hour. Data collected on the weekdays had more statistically significant monotonic trends
with statistical significance in 5 of the 8 roads for 4-6 PM and 7 of the 8 roads for 24
hours (Figure 11). Weekday data also had more statistically significant abrupt changes
identified with the Pettitt test, with 4 of the 8 roads from 4 to 6 PM and 7 of 8 roads for

31
24 hours indicating abrupt trends between May 11th to May 21st . These dates shortly
follow the Wisconsin statewide lifting of the pandemic lockdown on May 14th. In
contrast, the weekend data only had one statistically significant abrupt trend in the data.
One plausible explanation for the notable statistical difference between weekend and
weekday is due to traffic volume and human behavior. More vehicles are out from
Monday to Friday on a consistent basis when people are traveling from home to work,
taking children to school, and running errands.

Figure 11. Mann Kendall test of the traffic volume for 24 hours and 4-6 PM divided between
weekdays and weekends
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Figure 12. Pettitt test of the traffic volume for 24 hours and 4-6 PM divided between weekdays
and weekends

4.4 Relationship between traffic and air quality
The Mann-Kendall and Pettitt tests suggest that from the lockdown period and up
until August there is a gradual increasing trend, as well as an abrupt shift that happens
around the opening of Milwaukee County for air pollutants PM 1.0, PM 2.5, PM 10 and
NH3. Similar trends during this period were also observed for traffic volume. This
suggests that there may be a relationship between traffic volume and pollutant
concentration, which we tested using a linear regression.
Results from the linear regression suggests that the relationship between
pollutants and traffic vary by the road and pollutant. Figures 13-15 illustrate the linear
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relationships between traffic count on each road the air pollutant concentrations for PM
2.5 (Figure 13), NH3 (Figure 14), and oxidants (Figure 15). The strongest model fit
overall was on I-43 for oxidants (0.69); however, for PM 2.5 and NH3, the arterial roads –
Lincoln, Oklahoma, and Capitol – tend to have a higher R2 compared to the highways,
which might suggest that the rate of which traffic moves could influence the relationship
between traffic volume and particulate matter concentration. One study in Dublin,
Ireland found that increasing speeds could reduce NO2 and PM 10 from 3% to 2% while
another study found that speed bumps in urban areas lead to an increase in NOx (5-160%)
and NO2 (0.1-10%) these studies suggest that traffic speed could affect vehicle emitted
pollutant concentrations (Ghafghazi & Hatzopoulou, 2015; Tang et al., 2019; K. Zhang &
Batterman, 2013) .
For PM 2.5, the R2 ranged between 0.003 (I-41) to 0.48 (Lincoln), with a median
of 0.265, indicating that traffic explained around 27% of the variance in PM 2.5
concentrations. This is close to other studies that have found that traffic accounts for
around 15-40% of PM 2.5 concentrations in urban areas in various European cities
(Querol et al., 2004). For NH3, the R2 ranged between 0.006 (I-41) to 0.465 (Lincoln)
with a median of 0.14, which is also close to other studies that have found that traffic
contributes between 10-20% of NH3 emissions (Durbin et al., 2002). Finally, for oxidants
the R2 ranged between 0.062 (Oklahoma) to 0.695 (I-43), with a median of 0.25. This
value is close to others studies that have found that traffic contributes up to 50% of NOx
emissions (Winkler et al., 2018).
Overall, this demonstrates that traffic is contributing to the changes that are
observed within the air pollutant concentrations; however, the changes cannot be
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completely explained by traffic changes alone. There appear to be other background
contributors that have influence on the variance in pollutant concentrations over this time
period. This could include other sources like construction, industrial processes,
agriculture, and commercial sources (Durbin et al., 2002; Environmental Protection
Agency (EPA), 1999; Winkler et al., 2018), all of which may have been influenced by the
COVID lockdown.

Figure 13. Linear regression of the 4-6 PM traffic count and PM 2.5 concentrations from April to
August
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Figure 14. Linear regression of the 4-6 PM traffic count and NH3 concentrations from April to
August

Figure 15. Linear regression of the 4 to 6 PM traffic count vs O3+NO2
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5. Discussion
Overall, this study demonstrates the impact that the COVID lockdown had on
traffic and air quality. Results indicate that traffic had an effect on air pollution that
varied depending upon the road and specific air pollutant. This study has several
implications for understanding the impact of lockdowns and traffic changes on air quality
and the value of mobile-based monitoring.
During the study it was clear that rainfall had a significant influence on the
pollutant concentrations that were measured by the mobile sensors. For example, prior to
the removal of days influenced by rainfall, PM 10 had zero statistically significant
monotonic trends (Figure 15), but after the removal there were statically significant
positive trends for every road. This follows what other studies have found in that rainfall
will “washout” the particulate matter in the atmosphere (Gao et al., 2019; Xu et al., 2017;
Zhou et al., 2020). To that end, the analysis from the Mann-Kendall test confirmed a
monotonic trend from April to August for particulate matter on all the roads, when
rainfall days were removed. In addition, the Pettit test found an abrupt change for all
particulate matter (1.0, 2.5 and 10) on June 13th, around the time of the Milwaukee
County lifting of the pandemic restrictions. Between the Pettit and Mann-Kendall tests,
the removal of rainfall days increased the number of statistically significant trends from
26 to 71. This validated the hypothesis that lockdown measures would lessen air pollution
and that reopening of the economy would cause the concentration of particulate matter to
rise.
Over the lockdown, from April to June, pollutants were stunted, which coincided
with the pause in human activity and traffic. When Milwaukee County reopened on June
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11th, the Pettitt test detected sharp increases in particulate matter, ammonia, and oxidants.
The Mann-Kendall test validated the increasing monotonic trend seen from April to
August to show that increasing anthropogenic activity led to an increase in the pollutants.
One possible reason for this increasing trend was the increase in traffic volume. While it
did not account for the entirety of the changes, it does have a statistically significant
relationship with air pollutants.
When Milwaukee County was ordered to lockdown on March 23rd, a decrease in
traffic was observed based off the Streetlight data. In the middle of May an abrupt shift
was detected using the Pettitt test, which was shortly after the statewide mandate was
lifted by the Wisconsin Supreme Court. In addition, traffic volume saw a gradual increase
from the shutdown in March that leveled off around the middle of July. Pollutants related
to traffic emissions also saw gradual increases as well as an abrupt increase in June,
shortly after Milwaukee County lifted restrictions. The linear regression results conclude
that traffic does affect air pollution, but it does not explain all of the variance. Variables
unaccounted for in this study that also impact the changes in air pollutant concentrations
over this case study period could include those from nearby construction, agricultural,
commercial, or industrial sources.
During the lockdown H2S concentrations fluctuated, but when the city of
Milwaukee reopened in June the concentrations did not suddenly increase with the
removal of the lockdown measures. Since H2S is not emitted from vehicles, it stands to
reason that the changes in traffic volume would not increase the concentrations from
April to August. It also appears that the lockdown did not have an effect on source
concentrations of H2S as no statistically significant trends were observed.
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There are several limitations to this study. During this study data collection was
limited to only two days a week. Collecting data on more days, like on a Monday and/or
Friday, would provide more temporal data to delineate differences between weekdays and
weekends, and could provide more data points for a more robust time series analysis. In
addition, there is no air quality data prior to the lockdown, which limits our ability to
define the preexisting conditions; however, the study is able to effectively capture during
and after the lockdown. Another limitation is the use of the Sniffer 4D. While it provides
dense spatial data, does not collect continuously. Therefore, while unlikely, there may be
changes that happen abruptly that are not captured by bi-weekly sampling.
Given these limitations, future work could seek to assimilate mobile-based air
quality data with in-situ air monitoring stations and remote sensing for a deeper
understanding of air pollutant dynamics. In addition, future work could apply this data
and others collected during COVID to evaluate the impact that emission reductions –
through improved technologies or transitions to electric vehicles – might have on urban
air quality overall. Furthermore, it is clear that a reduction in traffic does not explain all
of the reductions in air pollutant concentrations; therefore, future studies could seek to
evaluate the contributions that changes in other sources had to the variance in air
pollutants during the COVID lockdowns.

6. Conclusions
This study presented an analysis of the air pollutant changes during the COVID
lockdown in Milwaukee, WI. Results indicated that the lifting of the lockdown measures
resulted in statistically significant increases in pollutant concentrations. Furthermore, the
lifting of the lockdown resulted in a corresponding increase in traffic. This increase in
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traffic explained between 14 and 27% of the median variance in pollutant concentrations.
To this end, the following conclusions can be drawn from this study:
•

PM 1.0, 2.5, and 10, and NH3 exhibited statistically significant increasing
monotonic trends.

•

Abrupt changes found in all PMs for all roads and in NH3 for 7/8 roads
around June 13th. These abrupt trends all occur shortly after statewide
and Milwaukee Co. Restrictions lifted.

•

H2S concentrations were highest around the lake, which could be due to
emissions from Jones Island.

•

H2S was also the only pollutant to exhibit decreasing monotonic trends
over the study period. This may be due to the fact that H2S is not emitted
in traffic emissions, and therefore less traffic and human activity may not
contribute to H2S emissions.

•

The Mann-Kendall confirmed that the lockdown measures did lead to a
statistically significant gradual increase in traffic volume for 7 of 8 roads.

•

The Pettitt test found that abrupt shift in traffic happened in the middle of
May when the statewide lockdown was lifted and not in June when the
Milwaukee County reopened.

•

Traffic explains some, but not all, of the variance in air pollutant
concentrations.

•

Traffic explained 1 – 48 % of the variance in particulate matter (median
27%). Studies have found that traffic contributes between 15-40% of PM
2.5 concentrations in urban areas (Querol et al., 2004).
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•

Traffic explained 1-46% of the variance in NH3 (median 14%). This
corresponds to other studies that have found that traffic sources make up
10-20% of NH3 (Durbin et al., 2002).

•

Traffic explained 6-70% of the variance in O3+NO2 (median 25%). Cars
make up 50% of NOx emissions (Environmental Protection Agency
(EPA), 1999; Winkler et al., 2018).

Overall, understanding where air pollutants come from allows for more informed
policies to help mitigate potential health risks from traffic. The results demonstrate that
lockdown measures did influence air pollution in Milwaukee, WI, with a reduction in
many emission-based pollutants. Given their impact on human health, a technological
shift towards electric engines or societal shift to working at home may help reduce air
pollution induced health problems.
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Appendix
A1. Spatial Trends in Air Quality
The figures for this part of the Appendix covers the where the pollutants are
concentrated based on GPS longitude and latitude data from the sniffer 4D. There are
two figures it is split starting with data from April to July 1st on the left and July 16th till
the end of August. Each day is differentiated by color while the pollutant concentrations
are on the vertical axis and the longitude or latitude is on the horizontal axis.

Figure A 1. H2S concentrations compared to longitude from April to August.

Figure A 2. H2S concentrations compared to latitude from April to August.
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Figure A 3. NH3 concentrations compared to latitude from April to August.

Figure A 4. NH3 concentrations compared to longitude from April to August.

Figure A 5. PM 2.5 concentrations compared to latitude from April to August.
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Figure A 6. PM 2.5 concentrations compared to longitude from April to August.

A2. Temporal trends in air pollutants
In this section the figures and tables look at the air pollutant concentrations from
April to August. The tables in the section represent the Mann-Kendall and Pettitt test of
every pollutant on I-41 for all the days and the subsequent table analyzes rainfall days
removed. The last figures represent the tables in an illustrative way the Mann-Kendall
figure shows the roads on the bottom horizontal axis with the air pollutants on the above
horizontal axis. The Kendall Tau numbers are on the right and the p values are either
blue representing below 0.05 or red being above 0.05.
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Figure A 7. Illustrative data of PM 2.5 concentrations on state route 32 from April to
August.

Table A 1. Mann-Kendall and Pettitt data with rainfall data.

Mann-Kendall
Street
Parameter Kendalls Tau p-value
slope
K
41 PM1.0
0.367
0.053
0.072
41 PM 2.5
0.367
0.053
0.098
41 PM 10
0.333
0.079
0.083
41 H2S
-0.0283
0.137
-0.507
41 NH3
0.718 0.000163
0.114
41 O3+NO2
0.1
0.62
0.199
41 UV BC1
0.265
0.149
8.549
41 IR BC1
0.353
0.053
11.066

39
43
43
45
64
28
38
42

Pettitt Test
T
P-Value2
6/24/2020
0.229
6/24/2020
0.13
6/24/2020
0.126
6/13/2020
0.088
6/17/2020 <.0001
7/4/2020
0.861
7/4/2020
0.381
6/13/2020
0.236
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Table A 2. Mann-Kendall and Pettitt data with rainfall data removed for I-41.

Mann-Kendall
Pettitt Test
Street
Parameter Kendalls Tau p-value
slope
K
T
P-Value2
41 PM1.0
0.615
0.004
0.107
40.000
6/13/2020
0.004
41 PM 2.5
0.641
0.003
0.129
38.000
6/13/2020
0.013
41 PM 10
0.590
0.006
0.128
38.000
6/17/2020
0.014
41 H2S
-0.308
0.161
-0.562
32.000
6/13/2020
0.090
41 NH3
0.667
0.002
0.124
40.000
6/17/2020
0.003
41 O3+NO2
0.103
0.669
0.206
18.000
7/4/2020
0.964
41 UV BC1
0.143
0.511
3.566
16.000 2020-05-02
0.415
41 IR BC1
0.253
0.228
7.670
24.000 2020-06-13
0.710

Figure A 8. Mann-Kendall analysis of pollutants across all roads from April to August with
rainfall days included.
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Figure A 9. Pettitt Test of the air pollutant concentrations from April to August with rainfall days
included.

A3. Relationships between air pollutants and traffic.
This section are linear regression plots with R2 values on the top with each road
and the pollutant on the horizontal axis and the traffic count hour on the vertical axis.
The plotted data runs from April to August and excludes rainfall days June 24th, July 16th,
and August 11th.
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Figure A 10. Linear regression of the 24-hour traffic count and PM 1.0 from April to August

Figure A 11. Linear regression of 24-hour traffic count and PM 2.5 from April to August
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Figure A 12. Linear regression of 24-hour traffic count and PM 10 from April to August

Figure A 13. Linear regression of 24-hour traffic count and H2S from April to August
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Figure A 14. Linear regression of 24-hour traffic count and NH3 from April to August

Figure A 15. Linear regression of 24-hour traffic count and oxidants from April to August
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Figure A 16. Linear regression of 4 to 6 PM traffic count and PM 1.0 from April to August

Figure A 17. Linear regression of 4 to 6 PM traffic count and PM 10 from April to August
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Figure A 18. Linear regression of 4 to 6 PM traffic count and H2S from April to August

